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Abstract. In this paper we focus on a critical component of the city: its building stock, which holds much
of its socio-economic activities. In our case, the lack of a comprehensive database about their features and
its limitation to a surveyed subset lead us to adopt data-driven techniques to extend our knowledge to the
near-city-scale. Neural networks and random forest are applied to identify the buildings’ number of floors
and construction periods’ dependences on a set of shape features: area, perimeter, and height along with
the annual electricity consumption, relying a surveyed data in the city of Beirut. The predicted results are
then compared with established scaling laws of urban forms, which constitutes a further consistency check
and validation of our workflow.
PACS. PACS-key discribing text of that key – PACS-key discribing text of that key
1 Introduction
A key question for planning, designing, and managing ur-
ban spaces is how the different city’s components interact
and influence its dynamics [1]. It is therefore important to
recognize cities as complex systems with emergent prop-
erties, far from equilibrium dynamics, and with energy
requirements for self-maintenance [1,2].
Urban form is a crucial component of the city which is
concerned with its infrastructure’s spatial patterns. Its
evolution is governed by the rules of competitive pro-
cesses which manifest themselves in self-similar fractal
patterns [3] or equivalently in scaling laws, which gov-
ern the changes of city component with its size [4,5,6,7].
At the micro-scale, urban buildings, which are described
as “containers of socio-economic activities” [8] are of par-
ticular interest. A comprehensive building survey data,
specifically regarding their uses, ages, and sizes, is essen-
tial to support more effective policymaking relating to the
sustainable management of cities [9]. For instance, much
of the work on the building stock has been driven by the
energy sector. Particularly, urban buildings accounts for
a high portion of the GreenHouse Gas emissions through
electricity consumption [10,11]. Identifying buildings at-
tributes helps in simulating the buildings’ energy perfor-
mance, identify spatiotemporal patterns to assess the im-
pact of retrofitting strategies to reduce energy consump-
tion, and adapt buildings for climate change [12,13,14,15,
Send offprint requests to:
a Present address: sn62@aub.edu.lb
16]. Moreover, tracking the rate of change of cities and
the survival of buildings is essential to estimate the distri-
bution and lifecycle of stock material in order to inform
on the best practices of its management and utilization or
the so-called ”industrial ecology” [17,18].
Therefore, generating a building database is important
for urban science broadly speaking. It basically starts by
collecting existing information as in the property taxation
database [19] or conducting ground surveys. However, this
data is sometimes expensive, unavailable or insufficient.
For this reason, taking advantage of new data sources,
methods and tools is a central focus area in urban re-
search. Volunteered Geographic Information (VGI) plat-
forms, which are crowdsourcing tools, are gaining emerg-
ing interest. Coloring London, where residents are encour-
aged to fill, substitute, and update the buildings database
themselves is one such example [20]. Moreover, the auto-
mated capture and extraction of building attribute data
is more and more facilitated by the development of com-
putational resources, data-driven learning techniques and
remote sensing [9,21,22,23].
In this paper, we apply data-driven techniques to assist
the collection of a spatial building data. Neural Networks
and Random Forests are built to link the physical charac-
ter of the buildings to their number of floors and vintage
respectively. We first outline the database we are work-
ing on in Section 2. We then proceed by developing the
machine learning algorithms for the buildings’ attributes
prediction in Section 3 before illustrating the results in
Section 4 and their relation to established urban scaling.
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2 Data collection and preprocessing
Beirut is located on the eastern shore of the Mediterranean
sea with a stock of 17, 742 buildings. The latter’s corre-
sponding footprints’ attributes used in this work (area,
perimeter and height), were obtained from the National
Center for Scientific Research CNRS Lebanon, while ad-
ditional information on a subset of 7, 122 buildings was
surveyed by the Saint-Joseph University. It includes build-
ings’ year of construction, type, number of floors and of
apartments. Their corresponding construction years were
converted into construction periods based on the city’s
architectural history, which witnessed five major waves of
construction each with specific distinctive features [24].
The distribution of the USJ subset according to the year
of construction is given in Table 1.
Table 1: Percentage of buildings per period of construction
in the dataset.
Construction period Label Percentage of buildings
1900-1923 1 1.2%
1924-1940 2 7.8%
1941-1960 3 42.1%
1961-1990 4 39.1%
After 1991 5 9.7%
Moreover, data on the annual electricity consumption
for many buildings were obtained from the national power
utility: Electricite du Liban (EDL). Entries with missing
fields, incorrect buildings’ heights (≤ 2.8m), or atypical
floor height (≤ 2.8m or ≥ 4, 5m) were removed from the
dataset. The floor height ranges were also determined as
in [24]. Residential and mixed buildings types were kept
while others such as hospitals, places of worship, and
schools were removed, which left us with 1, 968 buildings.
This step was followed by the application of an Isola-
tion forests (iForest) scheme [25], which is an outliers’ de-
tection procedure and is essential to the removal of noisy,
incorrect or aberrant information in the dataset. The
ouliers’ removal was based on a set of features: the yearly
electricity consumption, floors’ number, height, perime-
ter, area, period of construction and type of the building.
Subsequently, 432 buildings were classified as outliers and
were therefore removed from the dataset. The latter then
consisted of 1, 536 buildings, which we used in what fol-
lows.
3 Methods
The building’ floor number is shown to be dependent on
the building’s height, area, perimeter, and annual elec-
tricity consumption. Having established this dependency,
the building’s construction period’s relation to the afore-
mentioned features is investigated. The selection of the
Table 2: Pearson coefficient and logistic regression’s accu-
racy score describing, respectively, the correlation and de-
pendency between dependent variables and selected vari-
ables for prediction.
Pearson
Coefficient
Accuracy
score
Floor
number
Construction
period
Electricity consumption 0.57 0.51
Height 0.95 0.59
Area 0.37 0.46
Perimeter 0.38 0.46
buildings’ features, that is the independent variables, can
be justified by a correlation analysis achieved with the
Pearson coefficient for the floors’ number, and a depen-
dency strength achieved with the logistic regresison’ accu-
racy score for the construction period, as seen in Table 2.
The accuracy score is given by: accuracy = (1/nsamples)×
Σ
nsamples
i=1 1(ypred,i = ytrue,i), where ypred,i is the predicted
value of the i-th sample and ytrue,i is the corresponding
true value.
For the prediction of number of floors, which is an
integer value, a neural network (NN) for a multivalued
non-linear regression was trained, whereas for the classifi-
cation of the construction periods, which is a categorical
value with labels ranging from 1 to 5 given in Table 1,
NN, random forests, and logistic regression were applied.
In order to measure the performance of the NN with dif-
ferent architectures, regression metrics such as the mean
absolute error (MAE), the mean squared error (MSE),
the mean absolute percentage error (MAPE), and the co-
efficient of determination (R2) were computed. Similarly
measures of performance of classification algorithms were
also computed such as the accuracy score and the f1-score.
Further, the resulting models were applied on the test sets
to evaluate their performance. Subsequently, the best per-
forming models were extended to the whole city.
3.1 Floors
The dataset of 1, 536 samples was subdivided into train-
ing, validation, and test sets each containing respectively
859, 369, and 308 samples. The features of the training
set were normalized and consequently their values ranged
from 0 to 1. The NN’s hyper-parameter tuning was carried
out exploring different numbers of hidden units, neurons,
and learning rates. Additionally, the cumulative distribu-
tions of the number of floors P (f) of the 1,536 buildings
and that of the combination of the latter set with the pre-
dicted 6,877 buildings’ floors were computed. We tested
whether these distributions can be explained by power-
laws: P (f) = (f/fmin)
−α+1, where f is the floor number,
α is the exponent, and fmin is the cutoff of the power-
law, or whether a lognormal, whose parameters are given
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in [26], can better explains the distributions. The param-
eters were determined using the poweRlaw package in R
for a discrete data set and subsequenlty the models were
compared using the likelihood ratio test.
3.2 Period of construction
Table 1 shows that the dataset is highly imbalanced, with
only 1.2% of the buildings belonging to the first construc-
tion period, compared to 42.1% belonging to the third pe-
riod. Resampling the data was crucial before proceeding.
Since we had a relatively small dataset (1, 536 samples),
oversampling the minority classes of the training set was
applied to improve the quality of the predictive model.
This was achieved using SVMSMOTE [27] by creating
synthetic observations of the minority classes, at each it-
eration of the cross-validation. Different configurations of
logistic regression, Random Forest classifiers and NN clas-
sifiers were examined and compared with the accuracy
score.
4 Results
4.1 Floors prediction
The input’s layer’s 4 neurons correspond to the area,
perimeter, height, and electricity consumption, while to
output layer’s single neuron is that of the period of con-
struction. The optimum number of hidden layers and their
neurons were found to be 1 and 8 respectively, with a
learning rate of 0.01 and a sigmoid transfer function. The
scores of the applied NN on the test are given by:
– mean absolute error MAE = 0.54
– mean squared error MSE = 0.73
– mean absolute percentage error MAPE = 7.2%
– R2 = 87.7%
The prediction of the floors’ number for the rest of the
city’s buildings could now be extended keeping in mind
that buildings with missing input features had to be ex-
cluded. This left us with 6, 877 buildings whose number of
floors is to be predicted. The results along with the sur-
veyed data from USJ were mapped as shown in Fig. 4 in
Appendix A.
The cumulative distribution of the number of floors
of the USJ buildings was evaluated. Additionally, the lat-
ter along with predicted buildings’ floor number was also
computed. They are shown respectively in Figs. 1 and 2.
In the first, the ratio r of the log-likelihoods of the data
between the power-law and lognormal is negative, which
means that the lognormal is a better fit, while in the sec-
ond r > 0 indicating that the power law with exponent
α = 5.35 is a better fit. This latter parameter is in accor-
dance with the findings of [28], where the exponent of the
height distribution of London was shown to be α = 5.26.
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Fig. 1: P (f) of the 1,536 building buildings is shown blue,
the power-law is shown in green, and the lognormal in
shown in red. Their respective parameters are fmin = 11
and α = 12.92, while those of the lognormal are given by
fmin = 11, µ = 1.55, and σ = 0.27.
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Fig. 2: P (f) for all the buildings is shown in blue. The
green line is the power-law with fmin = 14, and α =
5.35. while the red line corresponds to the lognormal with
fmin = 6 params = 2.05, 0.28.
4.2 Period of construction prediction
The exhaustive hyper-parameter tuning and models cross-
comparison converged to a random forest with 100 deci-
sion trees with an accuracy score of 56.7%. Further, its
accuracy score on the test set was given by 48.7%. Using
this model, despite its low accuracy, the rest of Beirut’s
buildings were tagged with their corresponding predicted
construction period (Fig. 5 in Appendix A). Further, the
confusion matrix was plotted in Fig. 3. It revealed that
the algorithm best predicted the first construction period
with an accuracy of 62.5%, while its worse accuracy was
attained with the second construction period with only
35.9%.
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Fig. 3: Distribution of buildings per predicted period of
construction in Beirut administrative area.
5 Discussion
In the previous sections, we have presented a pipeline
which relies on machine learning to complement ur-
ban buildings’ database. It should be noted that our
starting point was a data whose floors distribution is
best described by a lognormal however the combination
of the latter with the predicted data was shown to
be a power-law, which is in full accordance with the
measured one for other cities [28]. This is further a
consistency check on the validity of the results. High
accuracy in predicting buildings’ floors number was
attained revealing a strong relation with the building
height, area, perimeter and electricity consumption.
The quantification of the floors is relevant to energy
planning, as it helps simulating the energy demand by
representing each floor as a thermal zone. A floor can be
further subdivided into subzones for more accuracy of
the building performance simulation [29]. Furthermore,
it can help approximating the building population for
micro-scale modeling and analysis of human behavior [30].
On the other hand, the period of construction could
be predicted with an accuracy score of 48.7% only. More
training data may be required. However, the low accu-
racy may be related to the need for more variables on
which the period of construction depends, such as win-
dow to wall ratio (WWR), wall thickness and other era-
specific descriptors. The construction period gives insight
into the materials of the buildings, which can inform ma-
terials flows and stocks models for valuation of buildings,
as well as the determination of their energy performance
and refurbishment techniques [31,32], and the identifica-
tion of future waste streams along with recovery strategies
[33].
6 Conclusion
Finally, we developed NN algorithms to predict the num-
ber of floors and the construction period of buildings given
their heights, areas, perimeters and electricity consump-
tion. We begun by cleaning the available dataset and re-
moving unreliable entries and outliers. Then, we evaluated
the significance of each input feature on the output to jus-
tify its selection. The NN was able to predict the number
of floors with a high prediction accuracy with a coefficient
of determination of R2 of 87.7%. Then, the construction
period’s Random Forest was built after re-sampling of the
data to overcome its imbalance. Subsequently, the expo-
nent of the power-law governing the floor distribution was
shown to be conforming with that appearing in the liter-
ature.
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Fig. 4: Distribution of buildings per floors’ number in Beirut administrative area.
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Fig. 5: Spatial distribution of buildings per period of construction in Beirut administrative area.
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